INTRODUCTION
Functional enrichment analysis is performed to characterize gene sets derived from high-throughput technologies such as next generation sequencing. The analysis compares the functional annotations of one gene set against those of a background gene set to find functions significantly enriched in the selected gene set. These functional annotations can be retrieved from different databases such as gene databases (e.g. Gene Ontology [1] terms for molecular functions), biological pathway databases (e.g. WikiPathways [2] ), or large collections of experimental datasets (e.g. ENCODE project [3] ). If a significant number of genes are involved in the same function then this function can be considered as more likely to be relevant to the experimental conditions related to the gene set. When annotations regarding gene functions are known only from biological experiments that do not cover all possible genes and functions [4] , functional enrichment analyses can fail to return all relevant results. Yet, use of computational algorithms can help infer gene functions for more genes (e.g. [5, 6] ).
Whereas many tools exist that perform such analyses based on Gene Ontology terms (see the Gene Ontology Consortium pages for a list [1] ), only few tools analyse diseases (e.g. ToppGene [7] HPOSim [8] , and DOSE [9] ). This is in stark contrast to the fact that the study of human disease is a critical focus of many biomedical researchers. These tools often define associations between genes and diseases from curated information (e.g. from the Online Mendelian Inheritance in Man 1 (OMIM R ) database, the Comparative Toxicogenomics Database (CTD) [10] , or WikiPathways [2] ), or experimental datasets such as those from genome-wide association studies (e.g. GWAS Catalog [11] ). As there are many diseases for which few or no genes have been associated by such ways, these tools are consequently limited.
The PubMed database which contains more than 26 million citations for biomedical literature (e.g. journal articles) offers an alternative source of data about the relations of genes to diseases. Automated text mining of these data has been already applied to derive gene-disease associations (e.g. [12, 13] ); however, these approaches require recognizing gene names using automated text mining methods that suffer from low accuracy [14, 15] . Another way to extract gene-disease associations from the literature is to integrate the numerous manually curated annotations of PubMed citations for genes or diseases.
Our method, called Gene set to Diseases (GS2D), derives gene-disease associations using statistically significant co-occurrences of genes and diseases in annotations of PubMed citations.
GS2D was implemented as a web tool with a graphical and a programmatic interface. Disease enrichment analyses performed using these associations were compared to analyses performed by other approaches.
METHODS

Implementation
The data used as input by GS2D is based on (i) biomedical citations with English abstracts from the PubMed database, (ii) disease terms from the branch C of the Medical Subject Headings thesaurus (MeSH R ), and (iii) human protein-coding gene information from the NCBI Gene database [16] . Manual annotations of citations by diseases were extracted from PubMed. Manual annotations of citations by genes were extracted from gene2pubmed and GeneRIF files (NCBI Entrez Gene FTP site).
All the data was downloaded, processed and stored in a MySQL database on 16 November 2015.
All computations were limited to 282749 PubMed citations annotated with at least one disease and at least one human protein-coding gene ( Figure 1) . From the data, gene-disease associations were computed from statistically significant co-occurrences of genes and diseases in annotations of PubMed citations. The significance of each association was evaluated by a p-value from a one-tailed Fisher's exact test and false discovery rate (FDR) calculated by the Benjamini and Hochberg method [17] using the R statistical environment [18] . For a gene G, a disease D, and the literature annotations L, the test is based on a contingency matrix containing the following numbers of citations ( Figure 1 ): Gene-disease associations with less than 3 co-occurrences or a FDR greater than 0.05 were filtered out to produce 63503 associations involving 2214 diseases and 7597 genes.
In order to produce the list of enriched diseases for an input gene set, the diseases associated to the input gene set are compared to the diseases associated to a background gene set. By default, GS2D defines the background gene set as all the human protein-coding genes excluding the input gene set. Significance is evaluated by a p-value from a one-tailed Fisher's exact test (using the R statistical environment) and FDRs calculated by the Benjamini and Hochberg method. 
Benchmarks and comparison
Two types of gene sets were used as gold standards (Figure 2A ): 10 GWAS-related gene sets downloaded from the GWAS Catalog resource on 25 November 2015 [11] and 10 non-GWAS-related gene sets of at least 20 genes from Menche et al. [19] who combined OMIM and UniProtKB/Swiss-Prot.
As GS2D uses statistical methods similar to those of comparable tools (Fisher's exact test and correction for multiple tests), we benchmarked against the ToppGene web tool [7] that uses different background gene sets derived from manually curated (CTD and OMIM) and experimental data (GWAS datasets) ( Figure 2B ).
Analyses with GS2D based on automatically derived data from the literature were performed with gene-disease associations defined with at least 5 co-occurrences, at least 2 genes significantly associated with a disease, and FDR<0.05. ToppGene was queried to use CTD (ToppGene-CTD), OMIM (ToppGene-OMIM) and GWAS (ToppGene-GWAS) at FDR<0.05.
For comparison, CTD manually curated gene-disease associations were downloaded on 4 December 2015.
The following criteria were used to select the CTD data: data with direct evidence (not inferred), and data related to human protein-coding genes.
RESULTS
Function A: gene set to disease
GS2D is implemented as a web server to perform disease enrichment analysis on gene sets. The input gene set can be defined with human protein-coding gene symbols or Entrez Gene identifiers. Whereas the popular Gene Ontology enrichment analysis for gene sets is based on gene-function associations, GS2D is based on gene-disease associations inferred by statistically significant co-occurrences of curated annotations of genes and diseases in PubMed citations. GS2D also gives the users options to change the stringency of the results: gene-disease associations can be filtered by a minimum number of co-occurrences (default = 5), and enriched diseases for a gene set can be filtered by FDR (default cutoff = 0.05) or by a minimum number of associated genes from the gene set (default = 2). Enriched diseases are listed with URL links to disease definitions (MeSH web site) and to PubMed citations with co-occurrences (PubMed web site). co-occurrences (PubMed web site). A button allows sending all the listed genes as a gene set for a disease enrichment analysis (function A).
Programmatic access
GS2D has a programmatic access allowing batch queries and retrieval of results as tab-separated values. The HTTP-based RESTful API is documented on the web server with examples.
Use case 1: parameter tuning for the analysis of Alzheimer's disease genes
To demonstrate the impact of input parameters on the results, we selected a gene set of 50 human protein-coding genes associated with Alzheimer's disease using the Génie web tool [20] . Génie uses automated document classification to find genes associated with a topic, such as a disease, and it was previously benchmarked for finding Alzheimer's disease genes at a precision of 94% in its top 50 results.
In order to find if there were other diseases involved in a significant fraction of these 50 genes, function A (gene set to disease) of GS2D was used with default parameters. It returned a list of 60 diseases enriched for the gene set, which can be described by count and percentage of associated genes from the gene set, fold change, P-value, FDR and related citations ( Figure 3 ). As expected, the top hit (lowest P-value) was Alzheimer's Disease (42 genes; FDR=4.90e-40).
Evaluating the statistics from the list could help in refining the search to focus on the strongest enrichments. For example, changing the FDR cut-off to 0.0001 reduced the list from 60 to 21 more confidently enriched diseases. Setting additionally to 10 the minimum number of required co-occurrences for gene-disease associations reduced the list further to only 12 more confidently enriched diseases. It filtered out weaker statistical enrichments such as Creutzfeldt-Jakob Syndrome, which was listed as enriched because of three genes including two with less than ten relevant citations.
Notably, the selected diseases were all related to neurodegeneration. This reflects the fact that many genes implicated in Alzheimer's disease have neuronal functions and mutations involved in other neurodegenerative diseases, making it difficult to find biomarker profiles able to distinguish some of these diseases (see for example [21] ).
Use case 2: recapitulating p53 involvement in diseases by analysing interacting genes
The second use case involves 254 human genes interacting with p53, previously used as a predictive model for cancer therapy [22] . Knowing that the tumour suppressor p53 is involved in many human cancers [23] , we would expect GS2D to recapitulate this knowledge when analysing p53 interacting genes by returning a list of enriched diseases that includes various types of cancers.
In order to get a list of diseases related to each of the 254 input genes, function B (gene to disease) of GS2D was used with default parameters. This resulted in a list of 2638 gene-disease associations that can be described by related citations, fold change, P-value and FDR (Supplementary Table 1 ).
The diversity of diseases that can be associated by literature co-occurrences to a single gene was exemplified by the ABCB1 gene associated with very different diseases including Acute Coronary Syndrome (6 citations), Breast Neoplasms (105 citations) and Epilepsy (53 citations).
Sorting results by disease names (by clicking on corresponding column header) allowed visual identification of several diseases associated to multiple genes, including many types of cancer-related diseases such as Adenocarcinoma (42 genes), Adenoma (9 genes), Breast Neoplasms (85 genes) and Cerebellar Neoplasms (2 genes).
In order to know if the multiple associations observed above were significant for the gene set as a whole, function A (gene set to disease) of GS2D was used. It returned a list of 101 diseases significantly enriched for the gene set (Supplementary Table 2 ). The list included Adenocarcinoma (FDR=4.38e-03), and Breast Neoplasms (FDR=2.51e-07) but neither Adenoma (FDR>5e-02) nor Cerebellar Neoplasms (FDR>5e-02), which were associated to fewer genes as shown above. As expected, the list also included many other types of cancers related for example to lung, mouth, larynx, colon, hepatocytes, stomach, bones, prostate, or squamous cells.
Through this analysis, GS2D recapitulates that in the literature p53 is known for its role in many cancers but it is actually not often associated to adenoma (benign tumours) (e.g. [24] ) or to multiple nervous system tumours (e.g. ependymomas [25] or non-astrocytic central nervous system tumours [26] ).
Benchmarks and comparison
For 20 gold standard gene sets, we compared lists of enriched diseases produced by GS2D and ToppGene using CTD (ToppGene-CTD), OMIM (ToppGene-OMIM) or GWAS associations (ToppGene-GWAS) (Figure 2) . The strict evaluation compared the ranks of the disease known to be related to the gene set and the relaxed evaluation compared the ranks of closely related diseases in the MeSH hierarchy (Table 1 and 2) . For example, for the gold standard gene set known to be related to Inflammatory Bowel Diseases, the relaxed evaluation also considers ranks of Crohn Disease or Colitis Ulcerative (Table 3) .
On strict evaluation of 10 GWAS gold standard gene sets, GS2D produced always the best ranking, nine times together with another method (Table 1) . On relaxed evaluation of the 10 GWAS gold standard gene sets, GS2D produced always the best ranking, together with another method. On strict evaluation of 10 non-GWAS gold standard gene sets, GS2D produced eight times the best ranking, three times together with another method (Table 2 ). On relaxed evaluation of non-GWAS gold standard gene sets, GS2D produced always the best ranking, eight times together with another method.
Overall, GS2D was the best performing method in both the strict and relaxed evaluation. We evaluated CTD-based analyses as second best performing method. CTD contains considerably more gene-disease associations than the GWAS Catalog, OMIM and other curated datasets ( [27] and DisGeNet database statistics 2 ). Therefore, we compared the CTD data to automatically generated data used by GS2D.
GS2D defined more gene-disease associations than CTD (63503 and 23507, respectively). Whereas in the entire data GS2D covered a smaller number of diseases than CTD (2214 and 3880, respectively) (Table 4) , the proportion of diseases associated to a single gene was strikingly smaller in GS2D (24.7% vs 60.3%). Overall, GS2D covered more diseases when considering only traits associated with at least 2 or more genes. As we consider meaningful only enrichment analyses based on diseases associated to more than one gene, we could conclude that for such analyses GS2D is more comprehensive.
DISCUSSION
We have implemented as a web tool a method called Gene set to Diseases (GS2D) performing disease enrichment analysis on human gene sets. Contrary to the most commonly used methods that use experimental or curated data to derive associations of genes to diseases, GS2D uses automatically derived gene-disease associations from co-occurrences in biomedical citations. When compared to results from similar tools that use different methods to associate genes to diseases, GS2D performed equally or better. The GS2D web tool can be used interactively from its simple and fast web interface or programmatically 
Rank on strict evaluation
Rank on relaxed evaluation GWAS gold standard gene set GS2D ToppGene-CTD ToppGene-GWAS ToppGene-OMIM GS2D ToppGene-CTD ToppGene-GWAS ToppGene-OMIM Arthritis, Rheumatoid as a web service (results are usually returned in 1-2 seconds).
We have also demonstrated the use of GS2D in two use cases: (a) we have shown how knowledge about p53's role in cancers can be recapitulated from a set of genes interacting with p53 and (b) how tuning GS2D parameters helps get more stringent results for a set of genes related to Alzheimer's disease. Importantly, GS2D offers two ways to increase the stringency of the results: decreasing the FDR cutoff or increasing the minimal number of required co-occurrences. The former is usually also offered by comparable web tools (such as ToppGene), but not the latter that actually impacts the background set of gene-disease associations (reducing its size by keeping the most significant associations). Although such tuning is not applicable to CTD and OMIM (qualitative data), it would be interesting for enrichment analyses to filter out less confident GWAS associations using available quantitative values (e.g. p-values).
GS2D was compared to the ToppGene service because it used 3 different sources of gene-disease associations: CTD (ToppGene-CTD), OMIM (ToppGene-OMIM) and GWAS data (ToppGene-GWAS). Overall, GS2D performed better than ToppGene. More specifically, ToppGene-OMIM and ToppGene-GWAS performed worse than ToppGene-CTD. This may be explained by the bigger size of the CTD data ( [27] and DisGeNet database statistics) or by its higher quality compared to GWAS data which is not always reproducible [28] .
We have focused GS2D to human genes as we have found too limiting to discriminate the disease-related literature by species using co-occurrences (smaller resulting datasets; data not shown) and as disease-related studies are mainly about human diseases even if model species are involved.
In conclusion, GS2D is a fast and competitive web tool performing disease enrichment analysis on human gene sets. Since building its gene-disease associations takes a short time, regular updates can be planned. Its graphical and programmatic interfaces are accessible at: http://cbdm.uni-mainz.de/geneset2diseases.
